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THE VARIABLE EFFECTS OF TRACKING:
INEQUALITY AND PRODUCTIVITY IN AMERICAN HIGH SCHOOLS

ABSTRACT

This paper suggests that the effects of high school tracking on student achievement are not constant
across schools. Based on the work of Sorensen (1970), the author describes four structural
dimensions of tracking systems: selectivity, electivity, inclusiveness, and scope. Variation in these
organizational conditions are predicted to lead to variation in between-track inequality (the
achievement gap between tracks) and productivity (average achievement in the school), net of the
composition of the student body. In addition, Catholic schools are predicted to have lower inequality
and higher productivity than public schools. The hypotheses are tested with data on from the
nationally representative High School and Beyond survey. The results indicate that more flexible
tracking systems produce lower inequality in math, reading, and vocabulary achievement. In math,
moderately inclusive systems also reduce inequality. Overall achievement is positively affected by
flexibility and inclusiveness. In vocabulary, schools with more students who believe they chose their
own track score higher as well. The hypotheses about Catholic schools are also supported, and the
way Catholic schools use tracking accounts for part of their advantage.

(W]



THE VARIABLE EFFECTS OF TRACKING:
INEQUALITY AND PRODUCTIVITY IN AMERICAN HIGH SCHOOLS

Microsocial processes often vary according to the larger contexts in which they occur. When
researchers explicitly look for it, such contextual variation may be detected. For example, the
influcnce of schooling on the number of children a woman bears depends on the presence of family
planning programs in specific countries (Mason, Wong, and Entwistle, 1983). Similarly, the relation
between students’ family backgrounds and their likelihood of finishing high school varies according
to the demographic characteristics of their schools (Bryk and Thum, 1989). In both examples, the
effects of a micro-level process (e.g., schooling on fertility) depend on the presence of a macro-level
condition (a national family-planning program). Despite the added complexity brought on by
modeling such context-dependence, appropriate s:atistical techniques have become available to
sociologists (e.g., Mason, Wong, and Entwistle, 1983; Bryk and Raudenbush, 1986). Yet theoretical
development, which is also made more complex by considering multi-level contextual variation, has
not always kep: pace with the methodological advances. Few topics have been explored for the
presence of multi-level contextual effects.

For instance, many writers have noted the possibility that the effects of high school tracking
on achicvement may vary between schools (e.g., Heyns, 1974; Hauser, Sewell, and Alwin, 1976;
Rosenbaum, 1984), but no compelling theory has been presented to predict when such effects might
be large and when they are small. Do different kinds of tracking systems have different effects on
achievement? If so, why? To the extent that track effects do vary between schools, analyses of
tracking that assume otherwise would be misleading (e.g., Gamoran, 1987). This paper uses existing
knowledge about tracking and its effects to develop hypotheses about between-school differences in
the effects of tracking. Building on the work of Sorensen (1970), it argues that track effects differ
according to certain structural characteristics of stratification systems, which vary across schools. The

paper also assess previous speculation that the effects of tracking are not the same in Catholic schools
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as they are in public schools (Gamoran and Berends, 1987). These hypotheses are tested by applying

methods designed for multi-level contextual analysis to data on tracking and schievement in a national
sample of high schools.

Sorensen (1970) outlined several dimensions of organizational differentiation in school
systems. In his scheme, high school tracking is an instance of both horizontal differentiation,
involving curricular differences within grade levels, and vertical differentiation, because of status
distinctions between academic and non-academic programs (on this point, see also Rosenbaum, 1984,
and Lucas, 1990). Not all tracking systems are alike, however. They vary along structural dimensions
such as selectivity--the extent of homogeneity within tracks; electivity--the extent to which students
choose or are assigned to track positions; inclusiveness--the availability of options for subsequent
educational opportunity in a given track system; and scope--the breadth and flexibility of track
assignment. These structural conditions have been elaborated by Rosenbaum (1976, 1984) and by
Oakes (1985), and I will present them in greater detail shortly, along with a discussion of differences
in the tracking systems of public and Catholic schools.

Before predicting how structural and sectoral differences influence the effects of tracking on
achievement, however, it is necessary to make clear what is known about the effects of tracking, and
about the mechanisms through which they occur. The goal of the next section is to produce a short
list of statements about tracking’s effects and their sources. Thesc findings will serve as the

foundation upon which to build hypotheses concerning between-sctiool variation in track effects.

Tracking and Studeat Achievement
Tracking may affect achievement in two ways. First, it may affect the dispetsion of
achievement, or educational jnequality. Previous work sxamined tracking’s impact on the dispersion

of outcomes across population subgroups (e.g., blacks vs. whites; rich vs. poor) (Gamoran and Mare,
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1989). Now, the issue is the dispersion of achievement across the tracks themselves. Tracking adds

to inequality when placement in the high-status track permits students to gain more than if they had
been assigned to the other track. A key question for this paper is whether some forms of tracking
induce more inequality than others.

Second, tracking may influence the overall level of achievement in the school, or educational
productivity. This possibility would arise if researchers compared tracking to the absence of tracking
(see Gamoran and Mare, 1989), but it is also germane to the question of whether variation in the
structure of tracking contributes to between-school variation in achievement. Is one type of tracking
system more productive than another? This question must be paired with the study of inequality,
because if certain forms of tracking create smaller achievement gaps between tracks, it is essential
to know whether the reduced inequality occurs in the context of higher, lower, or the same overall
achievement.

Tracki In ity?

For many years, students, teachers, and field researchers have reported that more learning
occurs in the higher tracks (Hargreaves, 1967, Rosenbaum, 1976, Metz, 1978; Ball, 1981; Burgess,
1984; Oakes, 1985). Most survey studies corroborate this impression after controlling for students’
initial characteristics, including family background, race, gender, and prior achievement (for a review,
see Gamoran and Berends, 1987). Although the finding has not been universal (Jencks and Brown,
1975, and Alexander and Cook, 1982, raised doubts), the presence of net track diffcrences in well-
specified, carefully controlled analyses using national survey data for Britain, Israel, and the U.S.
seems persuasive (Kerckhoff, 1986; Shavit and Featherman, 1988, Natriello, Pallas, and Alexander,
1989). Gamoran and Mare (1989) showed that the finding holds even after taking into account the

effects of unmeasured selection variables.



4

Previous writers have disagreed about whether tracking’s differentiating effects vary across
schools. Rosenbaum (1984) has been most vehement in arguing that such variation does occur. He
attributed differences among survey findings in part to differing track structures, as revealed by
several case studies. In a nation-wide study, Oakes (1985) described considerable variation in the
characteristics of tracking systems in twenty-five junior and senior high schools, but she did not
examine whether these differences affected the impact of tracking on achievement.

Heyns (1974) reported statistically significant interactions between track positions and dummy
variables for the high schools in her data set. However, because the interactions were relatively small,
and because they were not related to school size or location, she estimated an additive model of track
effects. Using the same approach, Hauser, Sewell, and Alwin (1976) found no significant
between-school differences in track effects for data from Milwaukee County, Wisconsin.
Consequently they, too, estimated an additive model. Both Heyns’ data, limited to urban schools
outside the south, and Hauser, Sewell, and Alwin’s Wisconsin data, might contain less variability than
a nationally representative random sample. Because of disagreement over the existence and
magnitude of between-school differences in track effects, the present paper will test for homogeneity
of effects across schools, before exploring the sources of any differences that appear.

Does Tracking Affect Productivity?

The effects of tracking on educational productivity are less well understood, because although
studies of curriculum tracking have compared the different tracks to one another, they have not
compared tracked to untracked schools. As Gamoran and Mare (1989) pointed out, tracking’s
implications for productivity depend on what the alternative is: compared to current practices, a
sy-tem in which all students encountered a program like the college track would probably produce
higher achiever . *, but if all students were assigned to programs like the noncollege tracks,

achievement would likely be lower. In a study of ability grouping in British secondary schools,
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Kerckhoff (1986) found that comnpared to students in mixed-ability classes, the gains of high-ability

students were offset by losses of low-ability students, so that grouping had little overall effect on
productivity.

It has been well established that schools differ from one another in their average achievement
levels. That is, even after adjusting for differences in the compositions of their student bodies, some
schools appear more productive than others. Although between-scheol variation is typically less than
20% of the total variation in student achievement, the amount of variation is statistically significant
(Bryk and Driscoll, 1988; Bryk and Raudenbush, 1988; Lee and Bryk, 1989). We do not know
whether this variation is affected by the structure of tracking in the school. Gamoran (1987) reported
higher vocabulary achievement in schools haing larger college tracks, but the finding did not hold
for math, science, reading, writing, or civics achievement. To date, researchers have not presented
a conceptual account for the impact of the structure of tracking on achievement in the different
tracks or in the school as a whole.

How Do Track Effects Occur?

Prior research suggests that tracking influences student achievement through mechanisms of
social-psychological and academic differentiation. Observers in Britain and the United States have
argued that secondary school stratification polarizes the student body into pro- and anti-school
factions (Hargreaves, 1967; Lacey, 1970; Metz, 1978; Ball, 1981; Schwartz, 1981). College-bound
students conform to the school’s demands, while others resist. The polarization process is stimulated
by the labeling of students according to their track positions (Hargreaves, 1967 Lacey, 1971; Cottle,
1974; Metz, 1978; Ball, 1981; Schwartz, 1931; Burgess, 1983). These labels are said to stigmatize
low-track students, inhibiting their school pertormance. Besides labels, teachers and guidance
counselors communicate their differential expectations to students by encouraging those in

college-bound programs more than others (Hargreaves, 1967, Heyns, 1974; Ball, 1981, Schwartz,
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1981). Academic-track students also have more college-bound friends than students enrolled in other

programs (Hargreaves, 1967, Lacey, 1970; Cottle, 1974; Hauser, Sewell, and Alwin, 1976; Rosenbaum,
1976; Ball, 1981; Alexander and Cook, 1982). As a result, high-track students are believed to find
greater meaning in schoolwork, to be more motivated, to put forth greater effort, and to hold higher
expectations ‘or themselves. All this is said to lead to differences in achievement (among other
outcomes).

No quantitative study has actually tested this view by placing student behavior, attitudes and
expectations as intervening variables between track positions and achievement. In fact, the evidence
is inconclusive as to whether tracking actually causes such social-psychological differentiation, or
whether it merely reflects differences already in place. A great many studies have reported track
differences in educational expectations, and several included controls for plans at the outset of
tracking (Rehberg and Rosenthal, 1978; Alexander and Cook, 1982; Waitrowski et al., 1982;
Vanfossen, Jones, and Spade, 1987; Berends, 1990). Thus it seems safe to conclude that tracking
differentiates expectations beyond variation that existed before students were assigned to tracks. The
evidence concerning student attitudes and behavior is more ambiguous. Waitrowski et al. (1982)
found no track effects on self-esteem, attachment to school, or delinquent behavior, and Berends
(1990) failed to support the polarization hypothesis for engagement in schoolwork, discipline
problems, or absenteecism. However, Vanfossen, Jones, and Spade (1987) reported significart track
effects on self-esteem and liking for school. One may conclude that tracking is implicated in the
differentiation of student expectations, and possibly student attitudes, and that variation in attitudes
and expectations may contribute to variation in achievement.

Besides the possibility of social-psychological differentiation, tracking appears to produce
differences in students’ academic experiences that further differentiate achievement. Students in

college-preparatory programs take more academic courses, particularly in math and science (Gamoran,
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1987; Vanfossen, Jones, and Spade, 1987). In many subject areas, they are exposed to more
high-status knowledge (Keddie, 1971; Burgess, 1983, 1984; Oakes, 1985; Page, 1987). Teachers in
high-track classes present more complex material at a faster pace (Metz, 1978; Ball, 1981; Oakes,
1985), and both survey and observational studies have reported a more positive academic climate in
high-track classes (Metz, 1978, Qakes, 1985; Vanfossen, Jones, and Spade, 1987). Finally, teachers
judged to be more skillful are disproportionately assigned to high-track classes (Hargreaves, 1967,
Lacey, 1970; Rosenbaum, 1976; Ball, 1981; Finley, 1984). Although these between-track differences
seem clearly documented, their role as mediators of the relation between tracking and achievement
has not been well established (see Gamoran and Berends, 1987, and Gamoran, Berends, and
Nystrand, 1990, for further discussion). Still, it would not be incautious to view instructional
differentiation as an important mechanism through which track differences in achievement come
about.
ummary dings about ffects
Prior research gives rise to four tentative conclusions:
Finding #1:  Tracking adds to inequality of achievement.

Finding #2:  Tracking may have no overall effect on achievement, if high-track gains are offset by
low-track losses as appeared in a national study of ability grouping in Britain.

Finding #3: Tracking contributes to inequality in part through its association with variation in
students’ attitudes toward school and their expectations for future schooling.
High-track students have higher expectations for successful performance, while
low-track students tend to be more alienated from the school’s demands.

Finding #4:  Track differences in achievement also result from between-track variation in students’
academic experiences. Teachers in high-track classes may be more skillful; they
present more complex material at a faster pace; and college-track students take more
advanced courses, especially in math and science.

Finding #1 is the most well-established, and Finding #2 is least secure. Even if the second
is incorrect, the first underscores the importance of learning whether some tracking systems entail

less inequality than others, and whether some are more productive than others. Findings #3 and #4

10
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are essential from a theoretical standpoint, because they allow us to construct hypotheses about how

track effects may vary. That is, given the mechanisms of social-psychological and instructional
differentiation, one can predict the conditions under which the effects of tracking will be larger or

smaller.

Student Achievement and the Structure of Stratification

With the results of prior research in mind, we are prepared to discuss the structural
dimensions of high school tracking systems, and their impact on achievement inequality and
productivity.

Sclectivity

Sorensen (1970) described selectivity as the amount of homogeneity that educators intend to
create by dividing students into groups according to characteristics relevant for learning. A selective
system, in his view, is one that organizes students for instruction in classes that are more
homogeneous than the student body as a whole. One can also conceive of selectivity as the size of
the gap between status groups—a more selective system would be one in which the top group is much
higher on the selection-criterion (e.g., ability) than other groups (Gamoran, 1984). Thus, selectivity
involves both the variance (homogeneity) and the mean (level) of the high-status group relative to
other groups and the total population.

By definition, highly selective track systems are elitist--they place high-achieving students
together in homogeneous classes. Tracking is likely to be highiy visible in more selective systems,
with particularly high academic status awarded to the "cream of the crop.” By emphasizing the value
of the top track at the expense of other positions, selectivity is likely to add to between-track
variation in students’ educational attitudes and expectations. Combining this reasoning with Finding

#3, one would expect high selectivity to accentuate between-track differences in achievement.

11
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Moreover, selective tracking systems are likely to be characterized by greater between-track
variability in students’ instructional experiences. Because teachers adjust instruction to student
aptitudes, tracks that differ more in initial levels of student performance are likely to vary more in
their instructional regimes (Dahloff, 1971; Lundgren, 1972; Barr and Dreeben, 1983). Larger
instructional differences would produce, if Finding #4 is correct, larger net achievement differences.
Hypothesis #1a: The greater the selectivity of a tracking system, the larger the achievement
differences between tracks, controlling for relevant prior characteristics of

students. |
At the same time, greater selectivity may lead to higher achievement overall. When the tracks
are more homogeneous, teachers can more effectively tailor the curriculum to students’ needs
(Sorensen, 1970). Hence, if there is an instructional advantage to homogeneous grouping, the

advantage may be greater when the groups are more homogeneous (Slavin, 1987).

Hypothesis #1b: The greater the selectivity of a tracking system, the higher the overall
achievement in the school, controlling for the composition of the student

body.

Hypothesis #1b describes only the school average, and does not differentiate between effects
on productivity in the different tracks. However, the combination of #1a and #1b implies that
selectivity adds to inequality by raising achievement in the higher track faster than it raises
achicvement in the lower track.!

Electivity

Electivity refers to the extent to which students choose or are assigned to their track positions
(Sorensen, 1970). Several researchers have reported that even when students are formally given their
choice of track, in actuality they are led to make a selection designated by school authorities
(Cicourel and Kitsuse, 1963; Ball, 1981). Students and their parents are urged by teachers, principals,

and guidance counselors to make the "right” choice according to their capacities.

12
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Nonetheless, a relatively large number of American high school students believe they chose
their own track positions (Jencks et al, 1972; Jones, Vanfossen, and Spade, 1986).2 These
perceptions may actually be more significant for track effects on achievement than the objective
circumstances in which assignment takes place. Students who believe they selected their programs
are more likely to be motivated to perform, regardless of which track they are in. Thus, greater
electivity may result in greater effort in both tracks. On the basis of Finding #3, one may expect less
social-psychological differentiation in an elective tracking system, and consequently smaller
between-track acluevement differences. Because the lower degree of differentiation occurs through
more positive attitudes in both tracks, one may also predict higher overall achievement in a more
elective system.

Hypothesis #2a: The higher the degree of electivity in a tracking system, the smaller .
achievement differences between tracks, controlling for relevant pur
characteristics of students.

Hypothesis #2b: The higher the degree of electivity in a tracking system, the higher the
average achievement in the school, controlling for the composition of the
student body.

In contrast to this reasoning, Sorensen (1970) suggested that electivity leads to larger track
effects on achievement. He argued that greater electivity would result in more within-track
homogeneity of educational aspirations, which would produce larger track differences in achievement.

It is well known that iracking affects educational aspirations (e.g., Heyns, 1974; Hauser,
Sewell, and Alwin, 1976; Rosenbaum, 1980; Alexander and Cook, 1982; Vanfossen, Jones, and Spade,
1987). But it seems to me that greater homogeneity of aspirations within tracks would result in
smaller rather than larger achievement differences. Students who choose the noncollege track would
be more likely to benefit from instruction and less likely to rebel than students who are assigned

against their wishes.? Greater effort and less resistance among noncollege-track student: would lead

to smaller track differences, contrary to Sorensen’s prediction.

13
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My argument for the positive effects of electivity on productivi.y may also be challenged. The

contrary position would hold that given a choice, students would elect to avoid the more challenging
academic track, and consequently achieve less (Powell, Farrar, and Cohen, 1985; Kilgore, 1990).
Once we control for the size of the academic track, however, electivity would be expected to exhibit
a positive effect on achievement as described in Hypothesis #2b.

Inclust=ness

/. more inclusive stratification system is one that tends to leave open students’ options for
future schooling (Sorensen, 1970; see also Rosenbaum, 1976). A tracking system is more inclusive
when it assigns more students to a college-preparatc.ry curriculum (see Kilgore, 1990, for an alternate
view of inclusiveness). The larger the size of a college track, the more salient it would seem to
be--for those who are left out. It seems likely that the stigma of being excluded would be greater
when a larger proportion of students are included. For example, membership in the noncollege
program might be more stigmatizing when it consists of the bottom 10% of the school’s academic
hierarchy than when it contains the bottom 40%. So although an inclusive system is less elitist, it is
still highly visible and may be stigmatizing for those left out of the preferred group.

However, a system characterized by very low inclusiveness would also probably raise the
salience of the college track. Like high selectivity, low incluriveness reflects an elitist system, which
can be expected to raise the degree of social-psychological and instructional differentiation
corresponding to tracking. Hence, one would expect larger track differences ir achievement when
inclusiveness is very low as well as when it is high. One would expect smaller differences when
students are more evenly distributed across tracks.

Hypothesis #3a: Controlling for relevant prior characteristics of students, track differences in

achicvement are larger when the system is highly inclusive or minimally
inclusive, and smaller when inclusiveness is moderate.

14
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The impact of inclusiveness on productivity may also be nonlinear. One may expect higher

average achievement in schools with larger college tracks, net of composition and individual students’
track positions, because a large college track reflects greater academic emphasis in the school, which
may produce higher achievement for all students regardless of track (Powell, Farrar. and Cohen, 1985;
Lee and Bryk, 1988). This advantage, however, probably occurs at a declining rate, because as
inclusiveness becomes very high, those who are left out may become increasingly stigmatized (see
hypothesis #3a), exerting a downward pull on mean achievement. Thus, as the size of the academic
track increases, the benefits of inclusiveness may decline.

Hypothesis #3b: Controlling for compositional differences, inclusiveness in a tracking system
contributes to average achievement, but at a declining rate.

This nonlinearity may account for the weak linear effects of the size of the academic track
on student achievement observed in earlier work (Gamoran, 1987).
Scope

Sorensen (1970) viewed scope as the extent to which students are located in the same track
across subjects. This conception was elaborated by Rosenbaum (1976), who included mobility--the
extent of changes in students’ track positions--as a characteristic of a track system.* Oakes (1985)
further specified aspects of the scope of tracking by distinguishing among "extent” (the proportion
of the total of classes that are tracked); "pervasiveness”" (the number of subject areas that are
tracked); and "flexibility” (whether assignments are made subject by subject or across all subjects).

Track systems with wider scope are likely to be more salient to students. Status distinctions
may be more meaningful if they apply to mose of a student’ school day, and if they are consistent
across subjects for a given student. In addition, broader and more permanent track systems are more
likely to lead to differential friendship networks (Sorensen, 1970). The socialization effects of
tracking would thus be compounded in a system of wider scope, and Finding #3 indicates that

achievement differences would be larger.

15
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Wider scope also means more between-track variation in students’ academic experiences.
Students grouped for more subjects and for a longer period of time would be exposed to a greater
amount of differentiated instruction. Thus, Finding #4 would also suggest that wider scope leads to
larger net track effects.

Hypothesis #4a: The wider the scope of a tracking system, the larger the achievement
differences between tracks, controlling for relevant prior characteristics of
students.

At the same time, a tracking system that is inflexible over time and across subjects may result
in lower achievement overall. Failure to adjust assignments for developmental, motivational, or other
changes in students’ capacities for learning, and failure to recognize differences in a given student’s
aptitudes for different subjects, impede the matching of instruction to students’ needs (Slavin 1987).
Hence, the differentiating effect of wide scope is likely to occur in the context of lower overall

achievement.

Hypothesis #4b: The wider the scope of the tracking system, the lower the average
achiievement in the school, controlling for student body composition.

Tracking in Public and Catholic Schoo

Resecarch on public and private schools gives reason to believe that Catholic schools use
tracking differently than public schools. First, Catholic schools make greater academic demands of
students in noncollege tracks, requiring more academic courses and more rigorous classwork,
compared to public-school noncollege racks (Hoffer, Greeley, and Coleman, 1985, Lee and Bryk,
1988). Hence, the degree of instructional differentiation may be lower in Catholic schools. Second,
an observational study of three Catholic high schoole reported that students and teachers held
pusitive views about assignment to lower tracks and were optimistic about the possibility of
remediation there (Valli, in press). This contrasted with the negative attitudes typically reported in
public schools (e.g., Oakes, 1985). The -ontrast suggests that tracking’s social-psychological

differentiation may be less extensive in Catholic schools. Combined with Findings #3 and #4, the

16
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evidence suggests that net achievement gaps between tracks are likely to be smaller in Catholic than
in public schools.

Hypothesis #5a: Achievement differences between tracks are smaller in Catholic schools than
in public schools, controlling for relevant prior characteristics of students.

lthough the finding is controversial, several studies have indicated that average achievement
is higher in Catholic than in public schools (Hoffer, Coleman, and Greeley, 1985; Lee and Bryk, 1988,
1989; for critiques, see Alexander and Pallas, 1985; Willms, 1985; and Jencks, 1985). Part of the
Catholic-school advantage may be tied to the way tracking is used; in particular the larger size of the
academic track, the emphasis on academic work in all tracks, and the lesser stigmatization of low-track
students may contribute to higher achievement in Catholic schools (Hoffer, Coleman, and Greeley,
1985; Lee and Bryk, 1988; Valli, in press). Hence, one may predict higher overall achievement in
Catholic compared with public schools.
Hypothesis #5b: Catholic schools produce higher overall achievement, net of compositional

differences, compared to public schools. Differences in the structure of
tracking account for part of the Catholic-school advantage.

Methods
These hypotheses describe effects at two levels of analyses: (1) student-level effects on
achievement within schools, and (2) school-level effects, including both conditions that affect
between-school variation in the impact of tracking, and effects on variation in school mean
achievement, net of compositional differences. To address the two levels of analysis, this paper uses
a method called hierarchical linear modeling (HLM) (Bryk and Raudenbush, 1990), also known as
multi-level contextual analysis (Mason, Wong, and Entwistle, 1983). HLM relies on equations that

correspond to the two levels of analysis. At the student level, achievement is predicted within each

school:

17



15

(achievement) =B, + B (track),+ B, (background), +e, (1
In this study, both the intercept B; and the track effect B will be allowed to vary from school to
school, while the effects of background variables p; will be constrained to be equal across schools.’

The B coefficients that vary across schools serve as dependent variables in the school-level equations:

Bq=ym+7m(secmr)}+ym(mmre)j+uq
By=Y 10+ Yy (sector);+y (structure),+v,, 3)

When the within-school predictors are centered around their grand means, By represents school
mean achievement adjusted for compositional difference; i.e. net school productivity. Inequality
across tracks is reflected in 8, P which is the net achievement gap between tracks in each school. In
HLM, equations 1, 2, and 3 are estimated simultaneously, using the EM algorithm to obtain maximum
likelihood estimates of the variance components, which are then used to generate the B and y
coefficients (for the EM algorithm, see Dempster, Laird, and Rubin, 1977; for a more detailed
account of how the estimates are obtained, sece Bryk and Raudenbush, 1990).

The HLM approach is superior to more traditional techniques for measuring school effects
and track effects. For example, a common strategy would be to estimate the entire model at the
student level, assigning the values for school-level variables to students within schools. This approach
would use ordinary least squares (OLS) regression to obtain the track effects, adding interaction

terms to assess the impact of sectoral and structural variation on the effects of tracking:
(achievement),=B ,+B (track),+ B (background), + B, (sector),+ P (structure),

+B (trackxsector),+ § (trackxstructure), +e, (4)
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There are several advantages to estimating Equations 1, 2, and 3 with HLM instead of relying
on the OLS approach reflected in Equation 4. First, it is evident that Equation 4 contains only one
error term, in contrast to Equations 1, 2, and 3, which partition error variance into its within-school
and between-school components. OLS confounds the two sources of error, a problem that is
particularly serious when the level-1 observations are clustered within level-2, such as when students
are surveyed wituin schools. This violates the assumption of independent errors in the individual-level
model (Equation 4), leading to underestimated standard errors (see further Goldberger and Cain,
1982). In contrast, by estimating distinct school- and student-level errors, HLM adjusts for the
correlation of errors within schools (for further details see Bryk and Raudenbush, 1990).

Second, the HLM estimators of the § coefficients are more precise than those generated by
OLS. In estimating the equations for both levels simultaneously, HLM uses information from all the
schools to weight the B’s according to their precision. . .stimates that are more reliable, such as those
from larger samples, are given greater weight, and the less reliable B’s are "shrunk” toward their
predicted values (on the "shrinkage” estimator, see Raudenbush, 1988). The B’s estimated by HLM
thus have smaller mean square error than those from OLS (Mason, Wong, and Entwistle, 1983;
Raudenbush, 1988).

A third advantage to using HLM, particularly for this study, is that it allows us to estimate the
total school-level parameter variance in Boj and B;, both before and after the multi-level interactions
are considered. This procedure will provide a sense of the degree to which the school structure and
sector variables account for net between-school variation in achievement and track effects. It will
also yield a convenient test for the heterogeneity of achievement means and distributions across

schools.
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Analyses for this pauar were conducted using the HLM computer program (Bryk, et al,

1988). Kreft, Kim, DeLeeuw (1990) provide a comparison of HL™.* with other programs for multi-

level analysis.

Data

For information on tracking, achievement, and schoo: <haracteristics, the best available data
set is High School and Beyond (HSB), a nationally representative sample of high school students
collected beginning in 1980 (Jones et al, 1983). For the present analyses I used data collected from
964 public and Catholic schools in the 1980 (base year) and 1982 (first follow-up) surveys. Data were
gathered from a random sample of up to 36 students in each school, for a total of 28,804 students
in the public and Catholic schools. I included only schools with more than ten students responding,
resulting in a loss of cieven schools. I also eliminated four schools in which all students and thirty
schools in which ro students reported belonging to the college-preparatory track. By drawing on
information from other groups, HLM is actuaily capable of estimating parameters for a variable that
has no within-group variance (e.g., when all students are in the same track). However, the study
concerns the impact of differences in the structure of tracking, not tracking as compared to its
absence, and moreover some of the structural variables were undefined when all students reported
the same track, resulting in school-level missing data. Additional school-level missing data reduced
the sample to 885 public and Catholic schools, or 92% of the originals. All students with data on
track positions and 1982 achievement were included in the student-level sample, for a total of 20,800,
or 77.3% of the students surveyed in the 885 schools. Missing values on student-level independent

variables were imputed with regressions based on the variables with data present.
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racki ieveme t

Students’ track positions are indicated by their self-reported membership in an academic or
nonacademic program in their sophomore year (1980). Reliance on sophomore-year track reports
climinates the problem of whether senior-year reports, which are also available in the data, are a
response to achievement rather than a cause. It is important to bear in mind that the analysis reflects
the effects of track membership at a particular point in time, rather than track experiences
throughout the high school career (see Gamoran, 1987, and Gamoran and Mare, 1989, for further
discussion of these issues). Effects are likely to be weaker when students shift positions frequently.
Indeed, Hypothesis #4a predicts that track effects will be smaller in systems than contain more
mobility between tracks.

Although they do not always correspond to school records,’ students’ perceptions of their
track positions are relevant for track effects on achievement. Students’ views of their own positions
are likely to influence their selection of courses, an important source of track differences in math and
science achievement (Gamoran, 1987). In addition, student perceptions arc as Icast as closely tied
as school records to the social-psychological mechanisms that produce track effects (Gamoran, 1987,
Gamoran and Berends, 1987).

Senior-year (1982) achievement on multiplechoice tests of mathematics, reading, and
vocabulary serve as three separate individual-level outcomes for this study. Heyns and Hilton (1982)
reported reliabilities of .85 (part I) and .54 (part II) for the 38-item, two-part math test; of .78 for
the 20-item reading test; and of .81 for the 21-item vocabulary test. The analyses begin by examining
the extent to which schools vary in net mean achievement and in the net effect of membership in the
academic program on achievement, and moves on to explore the sectoral and structural sources of

between-school variation in these parameters.
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Other Studepnt- Vari

The individual-level equation (Equation 1) describes the predictors of achievement within
each school. In addition to track position, it includes sophomore-year performance on all three tests;
sex; minority status (black or Hispanic); and SES (a linear additive composite of mother’s and father’s
education, father’s occupation, family income, and home artifacts). These variables were included as
controls to purge the estimated track differences from differences in the types of students assigned
to vaned tracks. Each of these predictors is known to be associated with tracking and with
achievement (Gamoran, 1987; Gamoran and Mare, 1989). Table 1 provides sample means and
standard deviations.

School-Level Variables

Catholic-school (as opposed to public-school) membership is indicated by a dummy variable.
Other school-level variables describe the structural dimensions of tracking.

Selectivity. I constructed two indicators of selectivity. One is the initial achievement gap
between tracks, computed as the difference, in each school, between the average sophomore math
achievement of college-track students and that of noncollege-track students. The second indicates
the proportion of variance in 1980 math achievement that lies between tracks, i.e. track homogeneity.
Thus, the two indicators reflect selectivity in terms of means and distributions of achievement,
corresponding to the conceptualization presented earlier. Larger achievement gaps between tracks,
and more homogeneous tracks, indicate more selective tracking systems. On average, the initial gap
between tracks was about 5 points, but less than 17% of the variance in achievement occurred
between tracks (see Table 1).

Electivity. Electivity was computed as the percent of students in the school who said they
chose their curricular program. This measure relics on students’ perceptions of electivity, but as I

noted earlier, students’ perceptions of whether they chose their own track are probably more relevant
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for the tracking-achievement relation than the objective circumstances through which assignment
occurs. In these data, about two-thirds of the students believed they chose their own track (see Table
1, and Jones, Vanfossen, and Spade, 1986).

Inclusiveness. Inclusiveness is indicated by the proportion of students in the academic track.
To allow for the anticipated non-linear effects of inclusivencss, I also prepared a quadratic term for
this variable. Inequality is expected to be greatest when inclusiveness is very high or very low; this
would be indicated by a negative linear effect and a positive quadratic term. Productivity is supposed
to rise with increasing inclusiveness, but at a declining rate; this pattern would be indicated by a
positive linear effect and a negative quadratic term.

Scope. I created three indicators of scope. The first is a measure of agreement of students’
track positions in their sophomore and senior years. This variable is a kappa statistic (Cohen, 1960),
and it indicates the extent to which students tend to remain in the same track over time.® I used the
kappa statistic, rather than simple proportions of students moving in and out of the college track,
because it is independent of differences in the marginal distributions of students across tracks. A
value of 1 for kappa indicates nc mobility between the sophomoie and senior years, whereas 0
indicates students were as likely to move as to stay. (Negative values for kappa are also possible, but
they are unlikely in this situation because they would indicate a tendency for students to shift tracks
more often than remaining). The kappa statistic for track immobility was computed separately for
cach school. Table 1 shows an average of .463, reflecting a fair amount of mobility as reported in
previous work (Gamoran, 1987).

The other indicators are also kappa statistics: one for the extent to which students who
reported taking honors math classes also tend to take honors English, and the last for whether
students in remedial math also take remedial English. Wider-scoped tracking systems are thus

indicated by higher values for track immobility, honors rigidity, and remedial rigidity.
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Results

I estimated three HLM models for each dependent variable (math, reading, and vocabulary
achievement). First is a baseline model, which produces estimates for the within-school equation, and
for the variance components of the parameters that differ among schools (i.e., Boj and By; from
Equations 1-3). Recall that for this study, the effects of prior achievement and background are
constrained to be equal across schools, whereas track effects and adjusted mean achievement vary
from school to school. To facilitate computation and interpretation, the prior achievement and
background variables are centered around their grand meanrs, and the track variable is centered
around school means (see note 6).

The second HLM model incorporates sector as a predictor of between-school differences in
track effects and in school mean achievement (adjusted for compositional differences). Structural
dimensions of tracking are added in the final model, which displays the conditions of track
organization under which schools have higher or lower achievement levels and larger or smaller
achievement gaps between tracks. Tables 2, 3, and 4 display the results.

Baseline e

The first columns of Tables 2, 3, and 4 present the estimates for the within-school equation.
The pattern of results is familiar. Except for the absence of a sex effect on vocabulary achievement
(Table 3), each of the six within-school predictors exerts a significant impact on each test. On
average, membership in the academic track has positive effects on achievement in each subject,
reflecting increasing between-track inequality as reported in previous research.

The baseline model is thus consistent with Finding #1 from the literature. It does not speak
to Findings #2, #3, or #4, nor is it our purpose to reassess them. However, the baseline model helps
judg = whether the five pairs of hypotheses are worth pursuing. As shown in the top panel of Table

5, the baseline model yiclds estimates of residual parameter variance for the two coefficients that vary
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between schools: the academic track effect, and school mean achievement, adjusted for the

composition of the student body. The chi-square tests indicate significant variation for both
coefficients in all three subjects. Given the model, both track effects and adjusted school
achievement vary significantly across schools. The next step is to learn whether we can account for
this variation.
Sector Effects

The second HLM model addresses the question of whether track effects and overall
achievement vary between Catholic and public schools. All three subjects yield negative coefficients
for sector differences in the impact of tracking, but the effect is statistically significant only in math
(see Table 2, second column). In that subject, public-school college and noncollege students differ
by 1.588 points, net of background and prior achievement, but the track achievement gap is only
(1.588 - .649) = .939 points in Catholic schools, or about 40% smaller. The reduction in the
vocabulary achievement track gap is equally s:*hstantial, but not statistically reliable (Table 4). In
contrast, the impact of Catholic schools on the track difference in reading achievement is negligible
(Table 3).

At the same time, all three subjects show the familiar Catholic-school advantage in adjusted
mean achievement. Thus especially in math, Catholic schools produce less inequality between tracks
in the context of higher achievement overall, supporting Hypotheses #5a and #5b. These differences
may result in part from differences in the ways tracking is used in the two sectors.

of izatio cki

The final columns of Tables 2, 3, and 4 display the impact of the structural dimensions of
tracking on the track achievement gaps and on adjusted school achievement. Again the hypotheses
find their greatest support in math. As predicted by Hypothesis #3a, the track gap is wider when

inclusiveness is high or low, and smaller when inclusiveness is moderate. This finding is reflected in
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the negative linear coefficient (-3.318) and positive quadratic coefficient (4.971) for the percent of

students in the academic track. Inclusiveness also affects school mean math achievement in the
expected way: the positive linear effect and negative quadratic coefficient are consistent with a
positive impact at a declining rate as in Hypothesis #3b. For inequality, the effects appear only in
math, but for productivity the effects also occur in vocabulary, and the reading equation yields
coefficients that are in the predicted direction but non-significant.

One other structural dimension has a consistent impact on inequality: track immobility, an
indicator of scope. Schools in which students tend o remain in the same track over time exhibit
larger gaps between tracks; the finding holds for all three subjects. Other things being equal, the
achievement gap in a very rigid school (one standard deviation above the mean, or a kappa statistic
of .704) would be wider than the gap in a very flexible school (one standard deviation below the
mean, or kappa = .222) by about one and one-third points on the math test, over four-tenths of a
point in reading, and one third of a point in vocabulary achievement. In math, track immobility also
produces lower achievement overall, and rigidity in the honors program brings lower achievement in
vocabulary. Thus, the data tend to support Hypotheses #4a and #4b.

Electivity has a positive eff_ct on mean achievement in vocabulary, consistent with Hypothesis
#2b, but no other significant effects. The lack of support for Hypothesis #2a may indicate that the
process I described and Sorensen’s (1970) contrary position both occur, in effect canceling out one
another. Greater electivity may subdue potential rebeilion as I argued, but it may also promote
between-track differences in aspirations.

The weakest support for my conceptual framework comes from selectivity. Hypotheses #1a
and #1b predicted positive effects on both inequality and productivity. The results indicated no
effects on inequality. For productivity, there is a positive effect of the track achievement gap in

math, but track homogeneity yields unexpected negative coefficients in all three subjecis. It seemed
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possible that the unanticipated negative coefficients resulted from collinearity among the two
indicators of selectivity, which correlate at .71. However, excluding either one from the analysis does
not change the sign of the other (results not shown). In particular, track homogeneity still has a
negative sign, though it is not always significant, even when track achievement gap is omitted from
the analysis. Collinearity is not a satisfactory explanation for the results, but I lack a better one.

For both the dispersion and level of math achievement, the sector effects decline from the
second to the third column (see Table 2). This pattern is consistent with the argument that part of
the lower inequality and higher productivity of Catholic schools stems from differences in the
structure of tracking. The Catholic-school advantage in mean achievement is less than half its original
size in Table 2's final model. The same pattern for mean achievement occurs in reading and
vocabulary, but the change is much smaller.

Given the greater support for the hypotheses in math achievement, it is not surprising to find
that the math analysis was more successful in explaining between-school variation in the academic
track effect. The bottom panel in Table 5 shows the extent to which residual parameter variance
declines after including the school-level predictors in the model. Just over 40% of between-school
variance in track effects is explained in math, compared to arsund 10% in the other two subjects.
For adjusted school mean achievement, sectoral and st~ ~tural variation account for about 23% of
the variance in math, 8% in vocabulary, and 35% in reading. Significant variation in the parameters

still remains.

Conclusions
In this study, the question of how tracking affects achievement elicits a more complex answer
than it has in the past. Though not every hypothesis was supported, in general the analyses indicate

that the effects of tracking depend on the structure of tracking. Schools with more rigid tracking
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systems tend to produce both more inequality and less overall achievement. In math, wider inequality
also results from very high or very low inclusiveness, and in math and vocabulary, inclusiveness adds
to achievement, though the rate of its contribution declines as its level rises. Electivity also raises
achievement, but only in vocabulary. Finally, Catholic schools not only have higher achievement, net
of measured background variables, but lower achievement gaps between tracks (most clearly in math),
supporting previous speculation (Gamoran and Berends, 1987).

These findings underscore the importance of assessing contextual variation in microsocial
processes. Although this study’s findings are consistent with prior research for the general case--on
average, belonging to the academic track is beneficial for achievement--the advantage does not appear
in all schools. It is smaller in schools with more flexible and (in math) moderately inclusive tracking
systems. At the same time, the study does not advocate a haphazard search for all possible sorts of
contextual variation. Instead, one needs an @ priori conceptual framework that suggests what
dimensions of the context need to be examined. In this study, the framework for understanding the
aggregate-level differences was built on knowledge of how the micro-level processes occur.

The results also draw attention to the value of examining tracking'’s effects on productivity
as well as its implications for inequality. The finding of less between-track math inequality in Catholic
schools, for example, would not by itself indicate whether Catholic schools were using tracking more
or less successfully. The results could have occurred through lower scores in the higher track. By
studying productivity as well, we learn that lower inequality occurred along with higher overall
achicvement, suggesting that the narrower gap in Catholic schools occurs because low-track students
are brought up, not because high-track students are held down. Conversely, the results for scope
suggest that inflexible track systems have more inequality along with lower average achievement,
presumably conditions are especially poor in the lower tracks of such schools. The implications of

the results for inclusivenese are even more complex: in math, inequality is lower when inclusiveness
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is moderate, but productivity is higher when inclusiveness is high. Consequently, an educator would

have to choose between maximizing overall achievement in the school--usually a significant goal--and
minimizing inequality.

Quantitative analysis always makes the world appear simpler than it really is. Ordinaily one
strives for parsimony, so it is worth qu _stioning whether the benefits of added complexity are worth
the difficulties of conceptualization, estimation, and interpretation. In this case the enhanced
theoretical understanding and the potential policy benefits seem to justify the effort.

Though the study made progress in accounting for between-school differences in the effects
of tracking, significant variation remains, and it is worth considering other school-level influences.
Future investigations might examine the culture or ethos of tracking in different schools. Tracking
does not carry the same meaning in all schools: in some schools it is a clear symbol of students’ fuiure
directions, but elsewhere its significance is more vague (Gamoran and Berends, 1987). Presumably,

tracking’s effects would be heightened in schools in which its power to confer status is greater.

29



27

NOTES

Sorensen (1970) also noted that schools differ in the criteria used to assign students to
programs. A key issue is the extent to which placement relies on cognitive characteristics
(e.g., ability or achievement). This concern appears to be subsumable under seicctivity,
because when the indicator of selectivity relies on achievement data, more selective systems
by definiiicn involve tighter links between cognitive characteristics and track positions.

Data reported by Jones, Vanfossen, and Spade (1986) from a random subsample of the
nationally representative High School and Beyond survey indicate that about two-thirds of
high-school sophomores said they chose their curricular program.

This argument is consistent with Stinchcombe’s (1964) that high school students rebel when
their school programs do not match their anticipated futures.

In a footnote, Sorensen d:siinguished scope from "the rigidity of differentiation...the extent
to which students may transfer to another group than the one originally assigned to” (1970,
p-363, note 2). Although Sorensen believed this would involve few students, recent data
suggest transf~rs occur widely, at least as indicated by self-report data (Gamoran, 1987). It
seems reasonable to consider the permanence of assignments, or track immobility, as part of
tracking’s scope.

In Equation 1, By actually represents a number of separate backgruund variables; I have
written the equatmn as if there were only one for the sake of simplicity. In principle, the
effects of one or more background variables could also be allowed to vary between schools.
However, freeing more slopes multiplies the number of variances and covariances that need
to be estimated, dramatically increasing the complexity of the model and the difficulty of
estimation. For this reason, HLM users are advised to start small, freeing parameters when
there is theoretical interest in their variability (Bryk and Raudenbush, 1990).

To adjust the within-school intercepts for variation in effects permitted to vary across schools,
it is necessary to center the within-school variable around the mean for each school, and to
include the school average for the variable in the equation for the intercept (Equation 2)
(Bryk and Raudenbush, 1990). In this study, background variables have constant effects
across schools, so they are centered around their grand means in the analyses. Because the
effects of tracking are allowed to vary across schools, this variable is centered around school
means and, in the later stages of the analysis, school mean track (i.e., the proportion of
students in the academic track) is included as a predictor of net school achievement.

Data from the National Longitudinal Survey indicated that 80% of the students reported the
same track position as that reported for them by school officials (Vanfossen, Jones, and
Spade, 1987; see also Rosenbaum, 1980).
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The formula for kappa is (Po - Pc) / (1 - Pc) where Po is the proportion observed and Pc is
the proportion expected by chance (Agresti, 1990). For example, track immobility in a school
is computed as:

[(PoAc + PoNAC) - (PAcBOxPACR2 + PNACBOxPNACS2)]
[1 - (PAcBOxPAc82 + PNAcBOxPNACS2)]

where PoAc is the proportion in the academic track in both years; PONAc is the proportion
in the non-academic track in both years; PAc80 and PAc82 are the proportions in the
academic track in 1980 and 1982; and PNAc80 and PNACc82 are the proportions in the non-
academic track in 1980 and 1982. (Multiplying and summing the marginals as indicated yields
the cell proportions expected by chance.)
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Meap Standard Deviation

STUDENT-LEVEL VARIABLES (n=20,800)
1980 Math Achievement 18.911 7.119
1982 Math Achievement 20.145 g8.121
1980 Reading Achievement F.168 3.7357
1982 Reading Achievement 10.112 4. 144
1980 Vocabulary Achievement 10.939 4,230
1982 Vocabulary Achievement 12.647 4,589
Sex (1=female) . 920 - 900
Ethnicity (1=Black or Hispanic) . 300 . 458
SES - . 064 . 721
ARcademic Track . 304 . 478
SCHOOL-LEVEL VARIABLES (n=88373)
Sector )

Catholic . 088 . 084
Selectivity

Achievement (Gap 5.016 4,011

Track Homogeneity . 168 . 158
Electivity

Percent Chose Own Track H66 » 174
Inclusiveness

RPercent Academic Track . 339 . 190

(Percent Academic Track)e . 151 . 1866
Scope

Track Immobility L4863 . 041

Homors Rigidity e L2349

Remedial Rigidity .Des 222

—mmﬂ~_-~m~~--~~—__~_‘*““@A‘—-‘A\*““-«‘““—m_—e““——-—«—e“k*@-r——u*—-_.-‘——-—-_nﬂ~ﬂ~_m*ﬁeH

36




O

ERIC

Aruitoxt provided by Eic:

e o A . e M R e e At aa e S A b o A e S A

Tabliwe 2.
tracking on math achievement: Gamma coefficients, with standard errors in

parentheses.,

N = 883 schools,
Dependent Variable ~

PREDICTOR VARIABLES

PN A S A Y

1980 Math Achievement

1980 Reading Achievement

1980 Vocabulary Achievement

Sex

ti=femalw)

Ethnicity (1=Black or Hispanic)

GES

fcadgemic Track

intercept

(Net school achievement)

Between-Bchoel EQuatipns

EFFECTS ON BETWEEN-TRACK INEQUALITY:

EFFECTS ON ADJUSTED 3CHOOL PRODUCTIVITY:

Sector

P A F

Selectivity
Achievement Gap

Track Homogeneijity

SsAamT 2SS

Parcent Chose Own Track

b

Inclusjiveness

Percent 5:;d§mi: Track
(Parcent Academic Track)d

Scope
Track Immobility

Honors Rigidity

Remedial Rigidity

Achaievement Bap

Track Homogenesty

A B2 A D NS

Percent Academic Track
(Percent Academic Track:e

Scope

X

Track Immobility
Honors Rigidity

Remedial Rigidity

ek e n e Pt g e e A et Am T A e G e A e

HLM analyses af~bntu-un:s:hcol gdifferences |

20,800 students.

Bazseline
~-Mogel

70800
{.Q08)

, 190%us
(.013)

L JaQune
{.Q12)

~,61000e

(.0&48)
~.8926¢as
(.082)

- 798%an
(.05
1.508»»s
t.082)

20.11{F«%ss
{.04a%5)

1982 Math Achievement

Sactor
Effects

, 705880
(.004)
L1890
(.01
CAaDeen
(.01
-, 62%5%ns
(GRVTS
-, P34nun
(.082)
Ry Y XY
(.081)
1.588#ss
¢ .084)
20.016%ux
{ . Ong)

- 549
t.851)

1.06580n
(. 108&)

Orgarnizational

Effpcts

il XX
{007

JB7axaw
{013

130 wa
(.01
- G4 na
(. 064%)
-~ . Qunss
{.082)

riusT g 2
{.0%91

. 8886
{492
1B.7BRB%se
(.248)

~.408
{.303

-.028

(.032)
.226

{.7357)

. 635
(.508)

‘3.318

{1.83&
4,97 .
(2,079

2.7 sea
(.39
.260
(.33
-,.088
(L3067

et bl X )
(. 1800

B2k
(.01&)
~1.188%x
(]9

097
(.87

S.097%8n
(,.835)

~3,797%nsn
(.938)

~ 700 n
(.20
~-.8246
c.1g2
. 378
(193}
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Table 3. HLM arnalyses of betucen-scheal-differnnces i

n the effects of

tracking on reading achievement: Gamma coefficients, with standard errors 1in

parentheses. N = 885 schools, 20,800 students.

Dependent Variable - 1982 Reading Achievement

PREDICTOR VARIABLES Baseline
within-Sghogl Eguation _Mogdel
1980 Math Achievement .11Qean

(.00
1980 Reading Achisvement La23%un
(.oo8)
{980 Vocabulary Achievement .2280sns
(.07
Sex {(i=female) 020
.03
Ethnicity ti=Black or Hispanic} ~.a43sns
(.06
SES 23Bena
.M
Academic Track LT Nean
{.0L7)
Intercept (Net school achisvement) 10.108nn»
.04}

Between-Schiol fguations
EFFECTS ON BETWEEN-TRACK INEQUALITY:

Sector

AR

=g PP 0PI

Achievement Gap

Track Homogeneity

fo B = R

FPercent Chose Qun Tracgk

Percent Academic Track
(Percent Academic Track)2

Scope
Track Immobility

Honors Rigidity

Remedial Rigidity

EFFECTS ON ADJUSTED SCHOOL PRODUCTIVITY:

Achievement Gap

Track Homogeneity

e -

JC A 3= 8- B9~

Percent Academic Track
(Percent Academic Track)e

Scope

Track Immobility
Honers Rigidity

Remadial Rigidity

#e p < .Qf 4% p < ,00%

Sector
Effepcts

.1{0Onas
{ . 004

LThnae
(.008)

Organizational

R AR, Ay

LINTR e
(. Q04
Lar3vee
(.08
2i8ean S -X X X
(.07 {.007
014 01r
(.037) (.Q37
~ . 4&50new -, 485 rxe
C.Qu7) {.0a68)
22b%an 215 en
(.Q3 (,.D30)
LS0Benn Ok
{.Qa9) (.288"
10.048 0 T.89%%xn
(.0285) (.137

~.0280 .ee7
(.143) (., 177

-.018
(.01
L0777
(.aad

L3646
(.297)

-1.204
(.075)

. 568
(1.217

AL E X
{ .23
123
194
L2018
(.20

3808«
(.08%)

N es T ¥
¢.078)

.00
.09
Y-
.23

. 290
(. 15890

.48
(. a63)
-. 307
.50

~. Q12
(.11&)
~-. 081
(.1011
~-. 067
(.to7
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Table o,

HLM aralyses of between-school differences in the effects of

tracking on vocabulary achievement: Gamma coefficients, with standard errors in

parentheses. N = 885 schools,
Dependent Variable -

PREDICTOR VARIABLES
Within-School Equation

1980 Math Achisvement
1980 Reading Achievement

1980 Vacabulary Achisvement

Sex {(l=femala)
Ethnicity (i1=Black or Hispanig?
SES

Academic Track
Intercept (Nt school achievement)
Between-Schopl Eguations

EFFECTS ON BETWEEN-TRACK INEQUALITY:

Achigvement Gap

Track Homogeneity

LA DAL PR

Fercent RAcadenmic Track
{(Percent Academic Track!e

Scope
Track Immobility

Honores Rigidity

Remedial Rigidity

EFFECTS ON ADJUSTEDL SCHOOL PRODUCTIVITY:

_—mms2Xax

Achievement Gap

Track Homogeneity

Percent Chose Own Track

Ingclusiveness
Percant Academic Track

(Rarcent Academic Track)e

Scope
Track Immobility

Honors Rigidity

Ramedial Rigidity

0o < .03 % p < 01 ane p < L0001}

20,800 students.

Baseline
Jodel |

LQbbuan
(. 004}

20450
(.008)

. 53Caan
¢ . 007

el 1Y 3
(.03
- . 782«aw
(.00

-488ann
€.034)

S20%uw
(.0ud)
12.4320an
(.027)

1982 Vocabulary Achievement

Sector
Effects

Y Y Y Y
(. Q04

L 205% e
(.008)
{.Q07)

- 0R3x
(.03
~.B23%«s
(. 0ud)

473 nun
(.03

- X 2
. 081

12.550nus
{.027)

-.227
(. 147)

.B838% %
(.0886)

Organizational

e e e e

LEDeaw
{ .00&)
L20GEan
(.008)
3384w
.00
071
{.03%
- 79Qunu
(.04T)
L3henn
{.031)
.288
(.297)
11.851san
(.16

- .24b
(.,182)

~.024
.01
~.037
(.456)

~ ., 6486
(. 306!

1,307
(1.107)
~1.,6420
1,253

ALY L
(.236)
. 326
€, 2000
008
(.209)

L7000
. 104)

Srand
(.00
-, LT 3en
(.20&)

L653%nw
(.16

2.210¢x e
(485
~1.60G3s
.50}

~.1a7
t.iea)
~. 31T
€.106&)
~.124
t.11a)
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Table 5. Chi-square tests for homogeneity of parameter variance.
BASEL INE MODEL

Residual

Paramenter Degrees of
Effect Variance  _Freedom . Ghi-sgquare povalue
MATH
Track effect . 787 874 7144 <.001
Net school achievement .888 874 14764 <.001
READING
Track effect . 190 874 4901 <.001
Net school achievement . 195 874 B942 <.001
VOCABULARY
Track effect . 139 874 3339 <.001
Net school achievement .316 874 13909 <.001

Track effect
Net school achievement

READING
Track effect
Net school achievement

VOCABULARY
Track effect
Net school achievement

Ef{ect

A A e e r———

Track effect
Net scheool achievement

READING
Track effect
Net schoel achievement

VOCABULARY
Track effect
Net school achievement
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SECTOR EFFECTS MODREL

Residual
Paramerter
Variance

P~ s e —

697
. 790

. 151
. 181

. 1535
.251

Degrees of

_Ereedom__ Chi-sguare p-value
874 7063 ¢.001
873 16304 <.001
874 4879 <.001
873 873 {.001
874 5292 <.001
873 13189 <. 001

ORGANIZATIONAL EFFECTS MODEL

Residual
RParamenter
Variance

- A e e .-

430
. 681

. 133
. 180

Degrees of

_Freedom__ Chi-sguare -value
874 6638 <.001
865 13138 <.001
874 4766 <.001
865 8435 <.001
874 5220 <.001
865 11813 <.001
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Net

Variance

G.1%
11.1%

0.0%
7.2%

Y
20.7%

Net

Variarnce

e . -

40.8%
23.3%



